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2.1 MIMIC(Medical Information Mart for Intensive Care)
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§4 DQN(Deep-Q-Network)
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1 if VL < 200 and CD4 > 200,
r((VL, CD4),a) = { —1 if VL > 200 and CD4 < 200,

0 otherwise .
\

§7 DDQN(Double Deep Q Network)
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7% 1: scenarios of screening programme [12]

senario | age 25 — 39 age 40 — 64 age 65 — 84 ?Vlz;it;;);
1 — screening 45
2 screening no screening 45
3 no screening 45
4 no screening 60
) no screening screening 60
6 no screening screening | no screening 60
7 screening 60
8 — screening: aged 45 — 74 years 35
9 — screening | — 25
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5: trajectories of accumulated lifetime mortality risks([12])

HIEF

ARBFFLNE IR AT & 2 5K B RfAAT W T A [EIBR H [H A -
HEFFAUN AR FED IR TITo /2. ¥ 7=, HIV 7 — X 05 E 0 54T
REDa—T 4 ¥ ZIEKIRESGEE KA ER LR 4 FAE R MES
DT o 7.

BZ

[1] M. L. Brandeau, F. Sainfort, W. P. Pierskalla, Operations Re-
search and Health Care: A Handbook of Methods and Applications.
Springer, 2004.

[2] R. J. Boucherie, N. M. van Dijk, Markov Decision Processes in
Practice. Springer, 2017.

[3] L. McCullum, et al., Markov models for clinical decision-making in
radiation oncology: A systematic review. JMIRO Volume 68, Issue
5, 610-623 (2024)

[4] Z. Deng, et al., Causal Reinforcement Learning: A Survey.
arXiv:2307.01452 (2023)

10



[5] A. Yala, et al., Optimizing risk-based breast cancer screening
policies with reinforcement learning. Nature Medicine volume 28,
pages136-143 (2022).

[6] HealthGym.ai. Longitudinal health data for machine learning re-
search and education. (F&ZHH:2025/01/19)

[7] V. Mnih, et al., Human-level control through deep reinforcement
learning. Nature volume 518, 529-533 (2015)

[8] P. Escandell-Montero, et al., Optimization of anemia treatment in

hemodialysis patients via reinforcement learning. Artif Intell Med.
2014 Sep;62(1):47-60.

9] D. Ha, J. Schmidhuber, World Models. arXiv:1803.10122. (2018).

[10] H. van Hasselt, et al., Deep Reinforcement Learning with Double
Q-learning. arXiv:1509.06461. (2015).

[11] G.E. Monahan, A survey of partially observable Markov decision
processes: theory, models, and algorithms, Manage. Sci. 28, 1-16
(1982).

[12] M.. Horiguchi, On an Approach to Evaluation of Health Care Pro-
gramme by Markov Decision Model, In: Modern Trends in Controlled
Stochastic Processes: Theory and Applications, V.III, Springer Na-

ture, 341-354, (2021).

11



